ABSTRACT Registration of point clouds is vital in point cloud data processing. By registering, the point cloud data from different views are transformed into a common coordinate system. In the iterative closest projected point (ICPP) method, the three nearest points are used to form a patch or plane and the performance is greatly affected by noise. More points may be used to construct a plane to reduce the effect of noise, but such a technique may not be suited for the scenarios where the physical surface is not a 2-D pane but a curved surface. In this paper, the iterative closest optimal plane (ICOPlane) method is developed. We propose a method of searching the optimal plane over a possible curved surface for registration of point clouds. In addition, in order to consider the errors of all variables, a constrained weighted total least squares algorithm is derived to estimate the plane parameters and transformation parameters. Both simulated and real experiments are carried out to examine the performance of the developed method, and experimental results demonstrate that the developed method can produce more accurate transformation parameters in comparison with the ICPP method.
I. INTRODUCTION
Terrestrial laser scanning has been widely utilized in numerous applications, such as deformation monitoring [1] , [2] , heritage preservation [3] , [4] , and 3D modeling [5] , [6] . Due to the limited field of view of laser scanner, it is necessary to scan an object from several views or standpoints in order to obtain a complete representation. These scanned data recorded from different views need to be transformed into a common coordinate system. This procedure is called registration of point clouds. Hence registration of point clouds has been paid much attention. A large number of methods have been developed for the automated registration of point clouds over the last few decades by researchers from different fields such as computer vision, photogrammetry and artificial intelligence.
Existing registration methods can be broadly classified into three categories: point-to-point, point-to-plane, and planeto-plane methods. The most popular point-to-point method is the iterative closest point (ICP) algorithm proposed by Besl and McKay [7] . In the ICP algorithm, the sum of distances between the points from a view and their corresponding nearest points from another view is minimized. And the authors proved that this algorithm always converges monotonically to the local minimum. Hereafter, many techniques have been proposed to improve the ICP's performance. For instance, Phillips et al. [8] considered that there are numerous unsuitable corresponding pairs (also called outliers) produced by the basic ICP algorithm. The Fractional ICP algorithm was thus proposed, in which only a fraction of the corresponding pairs identified as suitable corresponding pairs are used to compute the rigid transformation. The authors claimed that their method was robust to outliers. Godin et al. [9] introduced the viewpoint invariant attributes (normalized color/intensity, curvature, and other attributes) to remove outliers. Only the compatible correspondences are used to perform registration. Chetverikov et al. [10] proposed a Trimmed ICP algorithm. The degree of overlap between two point clouds to be matched is estimated and then applied to increase the robustness of the algorithm against outliers. Subsequently, Zhang et al. [11] defined a new kind of outlier, which is called No-Correspond (NC) outlier. All point pairs containing the same model point are rejected except the one with the smallest distance. All the mentioned methods assume that point-topoint correspondences exist. However, it is impossible to get exactly correspondence points even after convergence for the measured data. Owing to this assumption, the convergence rate of point-to-point methods is slow. In order to get rid of the problem of slow convergence, the point-to-plane method was proposed by Chen and Medioni [12] . This method minimizes the sum of the distance between the points from a view and the tangential planes at the corresponding nearest points from another view. Rusinkiewicz and Levoy [13] implemented a comparative study of several registration algorithms. The results indicated that the method of Chen and Medioni [12] outperformed the method of Besl and McKay [7] . Dorai et al. [14] took the noise in data into consideration. A minimum variance estimator was derived to compute the transformation parameters and a weighted least squares algorithm was performed. Habib et al. [15] proposed the iterative closest patch (ICPatch) method in which the points in one surface model and the triangular irregular network (TIN) patches in another surface model serve as the geometric primitives. The sum of the orthogonal distances between points and the corresponding patches is minimized. A comparative analysis of the two ICPatch methods can be found in Habib et al. [16] . But the TIN patch in some scenarios (e.g. sparse areas in the point clouds) may force blunders into the final solution. Therefore, Al-Durgham et al. [17] proposed the iterative closest projected point (ICPP) method to deal with the problem. In the ICPP method, point-to-patch correspondences were established. The patch is not the TIN patch but the patch constructed by the nearest three points. Grant et al. [18] proposed the P2P registration method to improve the ICPP method. The P2P approach employs two-way correspondence and takes stochastic properties of point positions into consideration, while the ICPP method employs one-way correspondence. In Grant et al. [19] , a comparative study of the ICP and P2P approach was performed. For the plane-to-plane methods, Gruen and Akca [20] presented the least squares 3D surface matching (LS3D) approach. Planes are constructed by 3-point or 4-point local neighborhoods through a neighborhood search method, and full 3D geometries are incorporated to perform the registration. But the stochastic properties of the local surface normal were neglected. Akca [21] presented a method that allows simultaneous matching of geometry and intensity. Segal et al. [22] proposed the generalized-ICP method, modeling the locally planar surface structure from both scans.
Due to the noise in point cloud data, the patch constructed by nearest three points cannot accurately represent the physical surface. If more points are used to fit the plane, the influence of the noise will be reduced in general. However, as the number of the points is increased, the local region may not be a plane depending on the scanned surface. In the case of a curved surface or other three-dimensional surface, adding more points to fit the plane would degrade performance. In this paper, we develop a method of constructing the plane to mitigate the noise effect on the patch constructed by the nearest three points and the effect of curved surface on the plane produced by methods using too many points. Since the plane is produced iteratively and it is optimal in the determination of the plane parameters, the proposed method is termed iterative closest optimal plane (ICOPlane) algorithm.
In addition, the errors of the projected points are neglected in the ICPP method. This may result in considerable errors, because the coordinates of the projected points are computed according to the coordinates of the measured points. It is inevitable that the coordinates of the projected points are contaminated by measurement errors. In our method, the errors of all variables are taken into consideration. An errors-invariables (EIV) model is constructed, and the total least squares (TLS) algorithm is employed to solve the EIV model. Since Golub and van Loan [23] coined the terminology of total least squares, TLS has been widely studied and utilized. Because the random errors of all variables are taken into consideration, a more reliable solution can be obtained by using TLS instead of least squares (LS) in general. Recently, many papers on TLS algorithms and applications had been published [24] - [31] . At present, a LS algorithm is often applied in registration of point clouds. This means that the errors of some variables may be neglected. In order to consider the errors of all variables, TLS is introduced into registration of point clouds in this paper. The uncertainty of point position is taken into consideration, because it provides the confidence level of any parametric estimation such as surface normal vector and transformation [32] . Then the weighted total least squares (WTLS) algorithm with constraints is derived to estimate the plane parameters and transformation parameters.
The main contributions of the paper are summarized as follows:
(1) A new registration method is proposed, which is an improved version of the ICPP method. In order to best represent the physical surface, the optimal plane is searched to replace the patch constructed by nearest three points. The point-to-optimal plane correspondences are established.
(2) When estimating the plane parameters and transformation parameters, the random errors of all variables are taken into consideration. The WTLS with constraints is derived to calculate the plane parameters and transformation parameters.
The remainder of this paper is organized as follows: the proposed ICOPlane registration method is presented with details in section II. In section III, the simulated and real experiments are described, experimental results are presented, and performance comparison and discussions are provided. The conclusions are summarized in section IV. The covariance matrix of point position is shown in Appendix A. VOLUME 6, 2018 The derivations of the WTLS with constraints for plane fitting and coordinate transformation are respectively presented in Appendix B and Appendix C.
II. THE PROPOSED REGISTRATION METHOD
Registration of point clouds includes two steps: coarse and fine registration. After coarse registration, the two point clouds are spatially close to each other. Suppose that the two point clouds are denoted as P 1 and P 2 , respectively, and P 2 is to be registered to P 1 . First, P 2 is transformed into point cloudP 2 by coarse registratioñ
where R C and t C are respectively the rotation matrix and translation vector obtained by coarse registration. Next, the point cloudP 2 will be registered to the point cloud P 1 by fine registration. At first, the correspondences should be established. Then the transformation parameters are calculated according to the established correspondences. The details of establishing a correspondence in our method are as follows. For one pointp 2 i in point cloudP 2 , we first find its k nearest points in the point cloud P 1 with k significantly greater than 3. The K-Nearest Neighbor (KNN) algorithm is applied to search for the nearest points. The nearest points are ranked according to their distances to the query pointp 2 i , that is, the nearest point with the shortest distance is ranked number one. The plane parameters are determined using the first v nearest points among the k nearest points. The value of v is increased one by one from an initial value v 0 until it reaches k, producing (k − v 0 + 1) sets of plane parameters. The WTLS with constraints is applied to fit the plane and the details of the fitting procedure is presented in Appendix B. Thus, (k − v 0 + 1) corresponding planes are obtained for pointp 2 i . Then, the fitting accuracy σ p is calculated for each of the (k − v 0 + 1) planes. The plane corresponding to the minimum σ P is considered as the optimal plane, because the smaller fitting accuracy indicates that the fitted plane is more accurate. Thus, a point-to-optimal plane correspondence is established. The same method is used to search for the corresponding optimal planes for the other points in point cloudP 2 .
For the planar surface, the value of k should be large. Thus, the influence of noise will be largely weakened. But the large value of k will result in a large amount of computation. Therefore, the value of k is set as 20 in this paper, i.e., the maximum value of v is 20. For the curved surface, as the number of points is increased, the local region is no longer a plane. Fewer points should be used to fit the plane. Therefore, the minimum value of v is 5, i.e., v 0 = 5. The optimal plane can best represent the local surface of an object. Figure 1 shows the correspondences established by using different local surface representations. The red point denotes the pointp 2 i . The green point denotes the projection ofp 2 i . The white points denote the points in P 1 . In Figure 1 (a), the patch is affected by noise and the projected point deviates from the physical surface. In Figure 1 (c), the projected point is also deviated because the local region is not a plane. As shown in Figure 1 (b), the projection ofp 2 i onto the optimal plane is closest to the physical surface.
Assume that the equation of the optimal plane is defined as
where a, b, c, d are the equation parameters to be determined.
Point cloudP 2 is transformed into point cloudP 2 by fine registrationP
where R is the rotation matrix and t is the translation vector for fine registration.
In theory, the distance from any point in point cloudP 2 to the corresponding optimal plane is zero. That is . According to (4) , the WTLS with constraints is derived to estimate the rotation matrix and translation vector, which is shown in Appendix C. The rotation matrix and translation vector are obtained as
In previous studies, only the errors of the point coordinates are taken into consideration. Here, both the errors of the plane parameters and the errors of the point coordinates are taken into account, because the calculated plane parameters are inevitably contaminated by noise. When implementing the WTLS with constraints, we need to construct the stochastic model of adjustment according to the covariance matrices of the plane parameters and point positions. The covariance matrices of the plane parameters are obtained during the process of plane fitting, while as described in Appendix A, the covariance matrix of point position is obtained as
where the meaning of each letter is the same as that of A (3) in Appendix A.
Thus the sum of the distances between the points in point cloudP 2 and their corresponding optimal planes is minimized.
The steps of the ICOPlane method are summarized as follows:
1) Compute the covariance matrix of each point in both point clouds (see Appendix A). 2) Search for the corresponding optimal plane in P 1 for each point in point cloudP 2 . The point-tooptimal plane correspondences are established. The WTLS with constraints is applied to fit the planes (see Appendix B). 3) Determine the rotation matrix and translation vector by the WTLS with constraints (see Appendix C). 4) Calculate the transformed point cloud by using (3) and the point cloudP 2 is updated to form the point cloudP 2 . 5) Repeat steps (ii)-(iv) until the change of the rootsquare-mean (RSM) distance is less than a preset threshold ω.
The RSM distance is defined as to its corresponding optimal plane in P 1 , u is the number of the points inP 2 . Due to the search of the optimal plane and the usage of the WTLS with constraints, the proposed registration method has a higher computational complexity. The complexity reduction techniques proposed by Al-Durgham et al. [17] can be applied to reduce the computational complexity and speed up the registration.
III. RESULTS AND DISCUSSION
A simulation experiment and a real experiment were conducted to evaluate the performance of the proposed registration method in terms of both number of iteration and registration accuracy. Because the number of iterations is influenced by the correct correspondences [13] , the comparison of the number of iterations can reflect the ability of the method to establish the correspondences. For example, point-to-plane correspondence is more reasonable than pointto-point correspondence. Registration accuracy is evaluated based on the Norm metric, which is defined as the Euclidean distance between the estimated values of the transformation parameters and the true values of the transformation parameters. And the root square mean of the Euclidean distances between the transformed points using the true values of the transformation parameters and the transformed points using the estimated transformation parameters is also calculated, which is denoted as RSM 1. In the real experiment, six spherical targets are placed around the object. The coordinates of the target centers are obtained by the RiSCAN PRO software and then applied to calculate the transformation parameters by the weighted total least squares algorithm presented in Fang [29] . These transformation parameters are regarded as reference or ''true values'', as used in Grant et al. [18] . In order to illustrate the advantage of the WTLS with constraints, the ICOPlane method is also implemented by using the weighted least squares (WLS) with constraints to calculate the plane parameters and transformation parameters. The method is denoted as ICOPlane-WLS. Therefore, three methods are compared in this section, which are the ICPP, ICOPlane, and ICOPlane-WLS. 
where the true value of the rotation matrix is computed according to the true values of the three rotation angles, which are 3 • , 5 • and 10 • , respectively. The uniform sampling method was employed to simplify the point clouds. In order to conform to the practical situation, the two point clouds of a model were sampled at different point number so that there is no exact correspondence between the two point clouds. The simplified point clouds are shown in Figure 2 , where the blue point clouds are treated as the reference point clouds, while the red point clouds are those that need to be registered. Then, zero-mean Gaussian noise with standard deviation of 1, 2, 3, 4 and 5 cm was successively added into each point of the four point clouds. Thus, the covariance matrix of each point is the identity matrix. The convergence threshold ω is set as 10 −7 . Under different levels of noise, the number of iterations required by each method for the mechanical part model and the man head model is respectively listed in table I  and table II.  As can be seen from table I and table II , the number of iterations of the ICOPlane and that of ICOPlane-WLS are always less than that of the ICPP. This indicates that the point-to-optimal plane correspondence is more reasonable than the point-to-patch correspondence. Due to the influence of noise, the patch constructed by the nearest three points cannot accurately represent the physical surface. Therefore, the ICPP method is more sensitive to noise and tend to generate a larger number of incorrect point-to-patch correspondences when the two point clouds are still relatively far from each other.
The calculated results of the RSM 1 and Norm for the mechanical part model and the man head model are respectively shown in Figure 3 and Figure 4 .
From Figure 3 (b) and Figure 4 (b), we observe that the Norm of the ICOPlane is smaller than that of the ICPP under different levels of noise for both models. As expected, the transformation parameters calculated by the ICOPlane are closer to the true values. That is the ICOPlane can obtain the more accurate transformation parameters, and the improvement of the transformation parameters is obvious.
The RSM 1 is possibly unreliable for assessing the registration accuracy, as shown in Figure 3(a) . Obviously, the transformation parameters of the ICOPlane-WLS are closer 48066 VOLUME 6, 2018 to the true values than those of the ICPP. However, the RSM 1 of the ICOPlane-WLS is larger than that of the ICPP when the standard deviation of the added noise is 1 and 5 cm. Similar phenomenon also occurs to the results shown in Figure 4(a) .
The RSM 1s and Norms of the man head model are relatively bigger compared to those of the mechanical part model. The possible reason is that the distribution of the points in the point clouds of the man head model is sparse.
For the mechanical part model, the results of the ICOPlane and ICOPlane-WLS are basically the same. However, for the man head model, the transformation parameters calculated by the ICOPlane are significantly closer to the true values than those calculated by the ICOPlane-WLS. This is because the improvement of the estimated parameters may not be obvious by using the WTLS with constraints instead of the WLS with constraints, as discussed by Xu et al. [33] and Li and Huang [34] . In spite of this, the performance of the registration is indeed improved by using the WTLS with constraints to estimate the plane parameters and transformation parameters. The WTLS with constraints takes the errors of all variables into consideration. It is theoretically more rigorous. Therefore, the more accurate transformation parameters can be obtained. In addition, Xu et al. [33] and Li and Huang [34] found that the standard deviation estimated by the WTLS was always smaller than that estimated by the WLS. The estimated standard deviationŝ σ 0 of the ICOPlane and ICOPlane-WLS for the mechanical part model and the man head model are plotted in Figure 5 .
The standard derivation can provide the confidence level of the estimated transformation parameters. As we can see, the standard derivation of the ICOPlane is always smaller than that of the ICOPlane-WLS. This indicates that the transformation parameters obtained by the WTLS with constraints are more reliable. 
B. REAL EXPERIMENT
A Riegl VZ-400 terrestrial laser scanner was used to collect the point cloud data. The range accuracy of the terrestrial laser VOLUME 6, 2018 scanner is 5 mm@50 m, the angular accuracy is 1.8 , and the divergence angle of beam is 300urad. The statue named ''3S'' and a timber pile were scanned from two views. Thus, four point clouds were obtained, i.e., the two point clouds of the statue and two point clouds of the timber pile. Six spherical targets were also scanned at each scanning station and the coordinates of target centers were used to provide reference registration data for each pair of scans. A portion of each point cloud was extracted to perform the registration. Then the uniform sampling method was employed to simplify the point clouds. The simplified point clouds are shown in Figure 6 (a) and Figure 6 (b) and the point clouds after the coarse registration are shown in Figure 6 (c) and Figure 6(d) .
Based on the results of the coarse registration, the fine registration was implemented. The convergence threshold ω was set as 10 −7 . The calculated results of the three methods for the statue and timber pile are respectively listed in table III and table IV. As can be seen from table III and table IV, the Norm of the ICOPlane is the smallest among the three methods for both the statue and the timber pile, indicating that the transformation parameters calculated by the ICOPlane are closest to the ''true values''. The Norm of the ICPP is the biggest. Hence, the transformation parameters calculated by the ICPP deviate much farther away from the ''true values''. The ICPP also needs more iterations to reach convergence. Overall, the ICOPlane obtains the most accurate transformation parameters, followed by the ICOPlane-WLS. The worst is the ICPP.
IV. CONLUSIONS
In this paper, a novel method was proposed for fine registration of point clouds, i.e., the iterative closest optimal
plane (ICOPlane) method. The optimal plane is searched to represent the local surface of an object and the pointto-optimal plane correspondences are established. Besides, the WTLS with constraints is derived to estimate the plane parameters and transformation parameters. Experiments were conducted on real terrestrial laser scanning data and simulated data. The proposed method was compared with the ICPP method. As shown in the experiments, the ICOPlane needs less iterations, and the transformation parameters calculated by the ICOPlane are also closer to the true values. By comparing the ICOPlane with the ICOPlane-WLS, the results show that the WTLS with constraints is useful for improving the performance of registration. It can be seen that both the two improvements made in this paper are effective. The experimental results well demonstrate the effectiveness of the proposed method.
APPENDIX A
Although the covariance matrix of point position had been presented by Grant et al. [18] , the influence of the divergence angle was neglected. In fact, the influence of the divergence angle is also significant. According to the measurement principle of terrestrial laser scanner, the coordinates of a point are described by
where ρ i is the range, θ i is the vertical angle, ϕ i is the horizontal angle. By linearizing equation (A1), we have (A2), as shown at the top of this page.
According to the error propagation law, the 3×3 covariance matrix of the point is
, where σ 2 ρ is the variance of the range, σ 2 θ is the variance of the vertical angle, σ 2 ϕ is the variance of the horizontal angle. But the range error is affected by the incident angle and the angle error is affected by the divergence angle. Therefore, D ρθϕ is given by
where α i is the incident angle. σ b is given by [35] 
where δ is the divergence angle of beam.
APPENDIX B
As mentioned in section II, the first v nearest points are used to fit the plane. According to the equation of a plane, we have
where (a, b, c, d ) are the plane parameters. The errors of x, y and z are taken into consideration, so (B1) becomes
The EIV model can be considered as a special Gauss-Helmert model [24] . The first equation of (B2) can be rewritten as follows
Equation ( ξ 0 is the initial value of ξ . e 0 is the initial value of e. The coefficient matrices are derived as The second equation of (B2) is also linearized and combined with (B4), so that we have
where
The target function of solving the EIV model is
where D is the 3v×3v covariance matrix of the coordinates of the points that are used to fit the plane and the 3×3 covariance matrix of each point is calculated according to Appendix A. The solution is obtained by introducing vectors of Lagrange multipliers λ and u, and minimising the function
The estimated parameter correction δξ is then obtained as
Because the mathematical model is nonlinear, it is an iterative process to calculate the parameter correction. The initial value ξ 0 can be computed by the principal component analysis (PCA) method and the initial value e 0 is set as the zero vector. The standard derivation and the covariance matrix of the estimated parameters arê
In order to seek the optimal plane, the fitting accuracy σ P is calculated as
where d i is the distance from one point to the fitted plane.
APPENDIX C
If a point had been registered into the point cloud of another view, the distance from the point to the corresponding optimal plane should be zero. We have the following equation If one wants to estimate the three rotation angles, the rotation matrix will be linearized, namely seeking the partial derivative of the rotation matrix with respect to the three rotation angles. The formula is rather complicated, and the computation of trigonometric function is also troublesome. Hence, in this paper, the nine elements of the rotation matrix are estimated rather than the three rotation angles. The rotation matrix and translation vector are expressed as 
Both the errors of the plane parameters and the errors of the point coordinates are taken into consideration, (C4) becomes (C5), as shown at the bottom of this page. The nonlinear Gauss-Helmert model is constructed as
where ε, β, as shown at the bottom of this page, u is the number of the points inP. The coefficient matrix X 0 is the derivative of ψ (ε, β) with respect to the parameters, given by
The coefficient matrix G 0 is the derivative of ψ(ε, β) with respect to the errors, which is
Because the rotation matrix is an orthogonal matrix (i.e., R T R = I 3 ), the elements of the rotation matrix should 
According to (C9), the following constraint equation is obtained 
